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Abstract 
This paper empirically investigates the implications of setting up sector-wide consistency between climate finance 
and technology adoption in the wind power sector. Relying on a panel dataset consisting of information from 1207 
CDM wind projects in thirty provinces over the period of 2004-2011, this study estimates the learning rate of wind 
technology deployment and forecasts the learning investment corresponding to the additional costs required to reach 
breakeven point under the constraints of wind resources and grid capacity. Carbon revenue is estimated to be USD18 
/ ton CO2 in order to provide funding for this learning investment. The relative low CO2 abatement cost supports the 
feasibility of linking carbon finance and learning investment unless the expected learning rate is sufficiently high. 
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1. Introduction  
The Chinese on-shore wind power sector achieved a leapfrog development with a mix of domestic and 
international support instruments, notably Feed-in Tariff (FIT hereafter) and Clean Development 
Mechanism (CDM hereafter). China led the global wind power market with a total of 62.4 GW installed 
as of the end of 2011.  
The literature suggests that there exists a potential incentive compatibility between the carbon offset 
scheme and domestic energy policy of the developing countries, mainly due to the baseline and 
additionality notions(See Millard-Ball and Kerr 2012 for an overview). It is inferred that the CDM could 
create a distortion in developing countries, which have the incentives to relax domestic environment and 
energy policies (Fischer 2005; Helm, 2002; Strand 2011). 
This study aims to provide insights into the way in which the national mitigation action of the 
developing world is linked with future global climate finance in a future global agreement. We investigate 
the implications of financing the learning investment through the instrument of carbon finance such that 
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the wind technology can be competitive with the conventional energy at the breakeven point. Precisely, 
relying on a panel dataset consisting of information from 1207 CDM wind projects in thirty provinces 
over the period of 2004-2011, we estimate the learning rate and forecast the wind technology diffusion 
path in China. Accordingly, the learning investment and the corresponding CO2 abatement cost are 
assessed. Finally, we conclude with policy implications for the future carbon offset scheme based on a 
sectoral approach.  
2. Learning curve  
Learning curves are a common concept to predict a technology future cost as a function of experience 
with learning-by-doing and learning-by-searching. The two-factor learning curve can be expressed as: 
ܥ௧= ܥ௢ሺݔ௧Ȁݔ଴ሻି௕ሺܭ ௧ܵȀܭܵ଴ሻି௔                         (1) 
Where  
ܥ௧is capital costs of wind technology at time t; 
ݔ௧ is the cumulative installed capacity of wind plants by time t; 
ܭ ௧ܵ is the knowledge stock by time t; 
ܥ଴, ݔ଴ and ܭܵ଴ are, respectively, capital costs, cumulated installed capacity and knowledge stock at the 
starting point; 
b is the learning-by-doing coefficient; 
a is the learning-by-searching coefficient.  
     The learning rate (LR) measures the relative cost reduction after each doubling of cumulative 
production. The LR is subsequently defined as:  
LR = 1 െ ʹି௕       (2) 
The dataset is constructed by surveying the primary data relative to all 1207 Chinese CDM wind 
projects, either registered or undergoing validation, as of the end of 2011. This study takes into account 
the sum of installed wind capacity in each province for a given year. Accordingly, the capital cost and 
plant load factor represent the average of all CDM projects within the same province for a given year. All 
prices and costs have been deflated to 2004 prices using the China-specific GDP deflator published by the 
International Monetary Fund.  
The capital costs include all the items of initial investment. Apart from turbine cost, the expenses 
related to grid connection, civil works and other miscellaneous items are also covered in the investment 
costs structure. This provides a comprehensive estimate of investment costs because this part of expenses 
may represent about 24-29% of onshore wind capital costs (Wiser et al. 2011).  
The existing literature used domestic R&D expenditures as a measure of the knowledge stock. 
However, the link between technology improvement and domestic R&D is not direct, because the 
timeline from R&D investment to product commercialisation may range significantly, and domestic R&D 
cannot account for innovation spillover from other countries.  In this study, the plant load factor of the 
wind farm is used as an alternative to capture the technology performance progress from innovation. For 
this purpose, we use the fixed-effect model to remove wind endowment characteristics and other time-
invariant factors at the province level and overcome potential bias in the estimation results.  
In order to correct autocorrelation and heteroskedasticity, we rely on the "cluster" option given larger 
cross sections and fewer time periods in the panel. The resulting standard errors are robust to any kind of 
serial correlation and/or heteroskedasticity.  
The estimation results of the model are summarized in Table 1. The cumulative installed capacity is 
significantly correlated with wind capacity development.  The learning coefficient is estimated to be 
0.066, which leads to a learning rate of 4.4%. This result is broadly consistent with Qiu and Anadon 
(2011), and is in the low range of the estimates in existing literature focused on developed countries (Del 
Rio and Tarancon, 2012). Meanwhile, the learning-by-searching coefficient is statistically insignificant 
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and also its magnitude is quite small. This may reflect the fact that the China’s leapfrog in the wind 
energy sector occurred when the relatively mature wind technology is already widely used in the 
developed countries, the marginal cost reduction effect from the technology deployment and innovation is 
decreasing.  
Table 1. Estimation results for learning curve model ( ୬୲ ) 
Variables Fixed effects with cluster robust standard errors 
Cumulative installed capacity ୬୲ 0.066 (0.004) *** 
Plant load factor (KSnt  ) 0.007 
(0.009) 
Constant  2.66 
(0.04) *** 
R-Squared  
Number of observations  
0.6519 
144 
Note:  Independent variables  are all in logarithmic form.. Standard errors in parentheses. *** significant at the 1% level; ** significant at the 5% level; * significant at the 10% level.   
3. Break-even cost under the resource and technology constraints 
    In the context of Chinese power sector, we assume that, at the breakeven time, the levelized cost of 
wind electricity ܥ௅஼ைாshould be equal to that of coal generated electricity. 
ܥܮܥܱܧ ൌ ܥ כ
ݎ
ͳെሺͳ൅ݎሻെߨ ܰΤ  +ܥைெ      (3) 
Where  r is the discount factor for wind investors ; ߨ is the lifetime of the wind power plant; N is the full 
load operational time per year for a power plant; ܥைெ is the operation and maintenance cost for the wind 
power plant. 
Based on the historical data of the Chinese market, we assume that ܥ௅஼ைா ൌ0.4 RMB/kWh; r=8%; 
N=2015 hours/year (23% as capacity factor); ߨ ൌ 20 years; ܥைெ ൌ0.12 RMB/kWh, then the capital cost 
of wind technology at the breakeven time (ܥ୲ሻ can be calculated to be 5539.4 RMB/kW. 
The China’s Meteorological Administration (CMA) has estimated 2,380 GW of onshore (4,800 
TWh/yr at a 23% average capacity factor; 17 EJ/yr) and 200 GW of offshore (610 TWh/yr at a 35% 
average capacity factor; 2.2 EJ/yr) technical potential (CMA, 2006). However, the wind installations have 
to cope with the grid capacity of managing intermittent electricity generation. Based on the experience of 
developed countries, the literature suggests that technically wind energy can reach or even exceed 20% of 
global electricity supply. Therefore, in our analysis, we set up the technical maximum of on-shore wind 
installed capacity as 920 GW (assuming that the total electricity demand could reach 9170 TWh in 2030 
and the average capacity factor of wind farms 23%). With 0.066 being the learning coefficient, we 
estimate that the levelized cost of wind electricity can roughly be reduced to 7734 RMB/kW when 
considering the maximum capacity constraint. The estimate is still largely above the required breakeven 
cost. The learning coefficient needs to reach 0.163 (corresponding to a learning rate of 10.7%) in order to 
reach the breakeven cost objective. 
4. Learning investment  
   As in Ferioli F. et al (2009), learning investment is defined as the additional cost required for reaching 
the competitive breakeven capacity, that is, the total deployment costs minus the costs that the same 
capacity of conventional technology would have occurred. Since the technology costs are expressed by 
unit of installed capacity, the learning investment (I) can be measured as I=׬ ሺ୶౪୶బ ୲ െ ଴ሻ୶. As learning-
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by-searching effect is not empirically validated in Part 2, we consider only learning-by-doing rate, then 
we have ୲ = ሺ଴ሻ*ሺ୲Ȁ଴ሻିଵȀୠ.  Thus, learning investment can be expressed as follows: 
I = ଴ݔ଴ ቄ ଵଵି௕ ሾܾሺ୲Ȁ଴ሻሺ௕ିଵሻȀ௕ െ ͳሿ ൅୲Ȁ଴ቅ                (4) 
Where  
୲is the capital cost level of wind technology at the breakeven time t; 
଴is the starting value of wind technology cost; 
ܾ is the learning coefficient; 
ݔ଴ is the starting value of cumulative installed capacity of wind plants. 
     The monetary value of the learning investment is highly sensitive to the capacity already deployed at 
the starting point. We choose 2009 as the starting year since this year is viewed as the beginning of 
accelerated diffusion of wind power sector in China. Then from our dataset, we have ݔ଴==25 805 MW 
and ܥ଴ ൌ9 918 RMB/kW.  
    Then from the Eq. (4), the learning investment is estimated to be 829.23 billion RMB for wind power 
sector in China in the case of the learning coefficient as 16.3%, such that the cumulative installed capacity 
(ݔ௧ሻ corresponds to roughly 920 GW as of the breakeven time.  
5. Breakeven time and CO2 abatement  
We assume that wind technology follows an exponential growth path as ݔ௧ ൌ ݔ଴ כ ݁ఋ൉௧ , then the 
breakeven time can be expressed as follows: 
t= ݈݊ ሺݔ௧ ݔ଴Τ ሻ כ ͳ ߜΤ      (5) 
Relying on the historical data of annual wind installed capacity over the period 2004-2011, we 
estimate that į equals to 0.68, which corresponds to an average annual growth rate of 97% (corresponding 
to ஔ-1). The goodness of fit is 94.71%, which shows that the estimation fits well the observations. At 
such a technology diffusion speed, China needs only nearly 6 years to reach the maximum installation 
capacity. However, considering the very favorable policy environment of the wind sector over the period 
2004-2011, this growth rate needs to be lowered to better forecast the future growth trajectory. Therefore, 
we set į as 0.3 such that the average annual growth rate is estimated as 35%.  From Eq. (5), we estimate 
the breakeven time t equals to 11.9, which means the wind power sector need nearly 12 years to reach the 
grid parity with the coal fired power plants.  
The CO2 emissions reduction over the period of learning investment can be expressed as: 
ER=σ ሺܰ כଵଶ௧ୀଵ ݔ௧ כ ܧܨሻ, where EF is the emission factor of the electricity sector. We use the emission 
factor of 816.64 g/KWh and consider it constant for the simplicity. The total emissions reduction over 
future 12 years is evaluated as about 7.7 billion of ton CO2e. Then average CO2 price per ton needs to be 
about US18 dollars/ ton CO2 (108 RMB/ ton CO2) in order to cover the learning investment till the 
breakeven point.  
6. Conclusion  
The purpose of this paper is to empirically study the consistency between international climate finance 
and technology diffusion in the case of Chinese wind power sector.  We suggest that the climate finance 
could be a source of funding for the learning investment in order that a renewable energy technology 
achieves the economic viability. With the historical data on the wind technology diffusion in China, we 
provide an illustration on the magnitude of this learning investment and the corresponding CO2 abatement 
cost. First, we find that under the constraint of the grid capacity to manage intermittent renewable 
energies, the required breakeven cost for wind power is not likely to be attained with our estimated 
learning rate, which is relatively in the low range of the literature. Second, we suggest that the learning 
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rate of the wind power sector needs to reach at least 10.6% such that the expected breakeven can happen 
under estimated maximum installations capacity. Third, the carbon price is estimated to be US18 dollars/ 
ton CO2 in order to provide the funding for the learning investment.  
For future global climate cooperation, the sectoral approache is intended to expand the carbon market, 
especially in emerging countries like China. If the CDM is a framework in which more ambitious policies 
can be accommodated, the consistence between technology diffusion and carbon finance is needed to 
coordinate global and domestic incentives at the sector-wide level. Carbon revenue may be a viable 
instrument to finance the learning investment of clean technologies for achieving their breakeven points. 
The relative low CO2 abatement cost in the experiment of China’s wind energy deployment supports the 
feasibility of this option unless the expected learning rate is sufficiently high.  
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